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— Linear and Logistic Regression
— K-Nearest Neighbors (KNN)
— Apach Spark/MapReduce
o IEEBEAMEYE BAR:
TREIIEG M M2 E B (a) Chap. 3-4 B4 #%8 (b) Chap. 3-4; %%
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— Decision Trees
— Ensemble Learners:
— Bagging
— Random Forests
— Boosting (Adaboost, Gradient Boost)
— Classification Trees vs. Regression Trees
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— Offline Training and Cross-Validation (CV)



— Online Testing and Bias-Variance Trade-Off
— Resampling and Bootstrapping
— Linear Model Selection and Regularization
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o FA2 4 : MAP/MLE #= Naive Bayes
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o E#2 £ A2 : Bayesian Networks
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— Expectation Maximization (EM) & & %
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— Principal Components Analysis (PCM)

— Dimension Reduction
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o ZRA2 A2 : Support Vector Machine (SVM) and Kernel Methods
— SVM Primal and Dual Forms

— Kernel Functions

— Kernel SVM
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— ANNSs
— Multilayer Neural Nets
— Backpropagation
— Gradient Descent Optimization

— MAP/MLE Training for ANN
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o JRAEEM : EE LY (Deep Learning) /443 (1)
— ANNSs vs. Deep Neural Nets
— Deep Convolutional Neural Nets (CNNs)
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— Deep Recurrent Neural Nets
— Backpropagation with Time
— LSTM, GRU, etc
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o RAT XA : 212 H (Reinforcement Learning) ANFJ/-43
— Markov Decision Processes

— Value Interation vs. Policy Iteration



— Q-Learning

— TD-Learning

— Policy Gradient Method

— Deep Reinforcement Learning A FJ/~43
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(a) An Introduction to Statistical Learning with Application in R,
G. James, D. Witten, T. Hastie, R. Tibshirani, Springer, 2014.
http://www-bcf.usc.edu/%7Egareth /ISL/

(b) Machine Learning, Tom M. Mitchell, McGraw-Hill, 1997
http://www.cs.cmu.edu/%7Etom /mlbook.html
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(a) Mining of Massive Datasets by Jure Leskovec, by Anand Rajaraman, and Jeff Ullman,
2nd Edition, Cambridge University Press, 2014.
http://www.mmds.org/

(b) Machine Learning Refined - Foundations, Algorithms, and Applications by Watt, J., Borhani,
R., Katsaggelos, A. K., 1st Ed., Cambridge Univ. Press, 2016.

(c) Mathematics for Machine Learning by Deisenroth, M. P., Faisal, A. A., Cheng, S. O.,
Cambridge Univ. Press, 2020.

(d) Data Science for Business by Provost, F. and Fawcett, T., O’Reilly Media, July, 2013.



(e) Learning Spark - Lightning-Fast Data Analysis by Karau, H., et al., O’Reilly Media, 2015.
(f) Data Science from Scratch by Grus, J., O'Reilly Media, July, 2015.

(g) Mastering Feature Engineering: Principles and Techniques for Data Scientists by Zheng,
A., O’Reilly Media, 2017.

(h) The Book of Why: The New Science of Cause and Effect by Pearl, J. and Mackenzie, D.,
Basic Books, New York, 2018.

(i) Architects of Intelligence: The truth about Al from the people building it by Ford, M.,
Packt>, 2018.
3. %% UK
(a) Big data taxonomy, Cloud Security Alliance (CSA), Technical Report, 2014.

(b) Fawcett, T., An introduction to ROC analysis, Pattern Recognition Letters 27, 2006.

(¢) Zheng, A., Evaluating machine learning models: a beginner’s guide to key concepts and
pitfalls, O'Reilly Media, Sep., 2015.

(d) Shmueli, G., To Explain or to Predict? Statistical Science, 25(3), 2010.
(e) LeCun, Y., Y. Bengio, and G. Hinton, Deep Learning, Nature, 521(28), 2015.
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